FDA-cleared ovarian cancer biomarkers are limited to CA-125 and HE4 for monitoring and recurrence and OVA1, a multivariate panel consisting of CA-125 and four additional biomarkers, for referring patients to a specialist. Due to relatively poor performance of these tests, more accurate and broadly applicable biomarkers are needed. We evaluated the dysregulation of 259 candidate cancer markers in serum samples from 499 patients. Sera were collected prospectively at 11 monitored sites under a single well-defined protocol. All stages of ovarian cancer and common benign gynecological conditions were represented. To ensure consistency and comparability of biomarker comparisons, all measurements were performed on a single platform, at a single site, using a panel of rigorously calibrated, qualified, high-throughput, multiplexed immunoassays and all analyses were conducted using the same software. Each marker was evaluated independently for its ability to differentiate ovarian cancer from benign conditions. A total of 175 markers were dysregulated in the cancer samples. HE4 (AUC = 0.933) and CA-125 (AUC = 0.907) were the most informative biomarkers, followed by IL-2 receptor a, a1-antitrypsin, Creactive protein, YKL-40, cellular fibronectin, CA-72-4 and prostasin (AUC.0.800). To improve the discrimination between cancer and benign conditions, a simple multivariate combination of markers was explored using logistic regression. When combined into a single panel, the nine most informative individual biomarkers yielded an AUC value of 0.950, significantly higher than obtained when combining the markers in the OVA1 panel (AUC 0.912). Additionally, at a threshold sensitivity of 90%, the combination of the top 9 markers gave 88.9% specificity compared to 63.4% specificity for the OVA1 markers. Although a blinded validation study has not yet been performed, these results indicate that alternative biomarker combinations might lead to significant improvements in the detection of ovarian cancer.
Introduction
Ovarian cancer is the most deadly gynecological cancer in the US with an estimated 21,880 new cases detected in 2010 [1] . When diagnosed and treated early, intervention is generally successful, with a 5-year survival rate of 93.5% [2] . Unfortunately, only 15% of ovarian cancers are found early, with the majority of cases detected at late stages where the outcome is far less favorable. For patients with distant malignancies, the 5-year survival rate is only 27.6%. As a result, approximately 14,000 women die each year from this cancer in the US [1] . Complicating diagnosis, ovarian cancer has an incidence of just 12.6 per 100,000 women [2] . Therefore, there is a pressing clinical need for a test that exhibits a high sensitivity for malignancies but also a high specificity to minimize the number of false positives that occur in such a low incidence disease.
Clinically, multiple lines of evidence are examined to assess the possibility of an individual having ovarian cancer. Typically, these include the presence of a pelvic mass, family history, and other symptoms (e.g. pelvic and abdominal pain, urinary urgency/ frequency, abdominal bloating, and difficulty eating), supported by a physical examination, a radiographic evaluation, and laboratory findings. However, none of these assessments are specific for ovarian cancer and none differentiate well between cancerous and benign conditions [3] . Though radiographic evidence can help in the detection and diagnosis of a pelvic mass, the commonly used imaging techniques are interpreted subjectively and tend to have a low specificity in routine use [4] . Some reports suggest ultrasound alone or in combination with other prognostic variables may be significantly more informative in the hands of an ovarian ultrasound expert [5, 6] . However, many patients lack access to such specialized imaging services.
There are no US Food and Drug Administration (FDA)-cleared biomarkers for ovarian cancer screening. For the narrower application of monitoring disease recurrence and therapeutic response, two markers have been FDA-cleared: cancer antigen 125 (CA-125) in 1987, and more recently, human epididymis protein-4 (HE4) in 2008 [7, 8, 9, 10] . Despite this, CA-125 is frequently used off-label for initial diagnosis. However in this setting, the performance of CA-125 varies widely, depending on the cut-off selected, and the patient population, with sensitivities ranging from 29-100%. A further complication is that CA-125 gives many false positives in a wide variety of normal, benign and other malignancies, leading to low specificity [11, 12, 13] .
Many approaches have been taken to improve the performance of CA-125. Improved specificity has been reported in a retrospective study using serial CA-125 measurements interpreted by a Risk of Ovarian Cancer Algorithm (ROCA). Initial reports suggest that the accuracy may be inadequate for initial diagnosis [14] , although more definitive results are expected upon completion of a prospective clinical investigation in late 2011 [15] . Many other strategies have sought to combine CA-125 with additional markers [16, 17, 18, 19, 20] . OvaCheckH combines CA-125 with seven other markers and has 81.1% sensitivity and 85.4% specificity as determined in a double-blinded clinical validation study [21] . However, the test performance needs to be validated on a non-specialist population (e.g. obstetrician-gynecologist). The Risk of Ovarian Malignancy Algorithm (ROMA) combines measurements of both CA-125 and HE4 [22] . The Risk of Malignancy Index (RMI) attempts to improve specificity by combining CA-125 with an imaging score and menopausal status [23] . However, ROMA and RMI do not appear to increase performance significantly over CA-125 alone [24, 25, 26] . Another multimarker test, OvPlex TM , which combines CA-125 with Creactive protein, serum amyloid A (SAA), interleukin 6 (IL-6), and IL-8, was reported to have 94.1% sensitivity and 93.1% specificity [27] . However, case and control samples were not from the same patient population, raising significant concerns that selection biases inflated the reported performance. Similarly, a Yale developed test, OvaSure TM , combines leptin, prolactin, osteopontin, insulin-like growth factor II and macrophage inhibitory factor with CA-125 and has a reported sensitivity of 95.3% and a specificity of 99.4% [28] . However multiple concerns about the study design and validation population have also challenged the validity of the markers selected and the significance of the reported performance [29, 30] .
In 2009, an ovarian cancer multivariate test was FDA-cleared, but not for screening [31] . The test, based on the measurements of CA-125 with transthyretin, apolipoprotein AI, transferrin, and b2 microglobulin, was approved for the very limited population of women for whom surgery is already planned for an ovarian adnexal mass, when they have not yet been referred to an oncologist, and when the physician's independent clinical and radiological evaluation does not indicate malignancy. The performance of OVA1 depends on the source of the surgical patient population (specialist or non-specialist oncologist) and the menopausal status of the patient [31, 32] . For the intended use population (women in the care of a non-specialist and negative for malignancy by clinical assessment) the reported sensitivity was 70.0% (14/20) and the specificity 50.3% (82/163). For all patients under the care of a non-specialist, when OVA1 was added to clinical assessment, the reported sensitivity increased from 72.2% to 91.7% [31] . However, in conjunction with the 19.5% increase in sensitivity, there was a dramatic 41.1% decrease in specificity (82.7% to 41.6%) and an associated 24.0% decrease in PPV (60.5% to 36.5%).
In a recent series of publications involving multiple groups coordinated by the Early Detection Research Network (EDRN) of the US National Cancer Institute (NCI), it was shown that for early detection, 49 promising biomarkers could not improve the performance over CA-125, whether alone or in combinations [33, 34, 35] . In conclusion, simple, broadly applicable, clinical tests for the detection of ovarian cancer remain elusive, and there is a need for a wider search for novel, informative, cancer markers and combinations. In a previous report, we profiled 104 common serum biomarkers, 44 autoimmune markers and 56 infectiousdisease markers [36] and reported on their individual ability to discriminate ovarian cancer from normal and benign conditions. In related studies, we built panels of biomarkers to improve the performance of the individual biomarkers ( [21, 37] ). The final panel, OvaCheck, was intended to be used to refer women with symptoms of ovarian cancer to a gynecologic oncologist. We hypothesized that by profiling additional biomarkers, we might discover new and informative biomarkers, that could be used to modify the existing OvaCheck panel and improve its overall performance. We proposed to address this in two distinct steps. First, in the current study, we have extended the biomarker discovery work, with an additional 155 biomarkers discovered primarily through cancer research. In the second step, yet to be undertaken, we will evaluate the modified panel, using a new, prospectively collected, blinded validation set of samples. We now report on a 259 serum biomarker survey of almost 500 new patients with ovarian cancer or benign conditions. Our samples were drawn from a large, prospective clinical study of adnexal masses performed across 11 independent sites, with sera drawn under a uniform protocol, prior to surgical intervention, and prior to knowledge of disease status. To ensure consistency, all assays and samples were performed on a single platform at a single site and all analyses were conducted using the same software. We have analyzed the data for evidence of useful single markers of ovarian cancer across disease subtype and stage. Our findings point to the absence of a single diagnostic marker, and support the increasing emphasis on the development of multivariate assays using logistic regression or more sophisticated algorithms. [3] , which includes women with or without a pelvic mass. Participants had to be scheduled for gynecologic surgery based on concern they had ovarian cancer, and post-surgical pathological evaluation of the ovaries and excised tissues was required to establish clinical truth of disease status. Exclusion criteria were women who did not meet the inclusion criteria, could not provide informed consent, were pregnant, or previously treated for ovarian cancer. Written informed consent was obtained for each participant in the study. All data were de-identified and no results were returned to the physicians or patients.
In the present study, we utilized 149 samples from the patients with pathology-confirmed ovarian cancer and 350 samples from the patients with pathology-confirmed benign conditions ( Table 1) . The ovarian cancer samples included all stages and common subtypes of the disease. The benign samples included the common types of benign conditions seen in the entire study population. Complete clinicopathology reports, obtained following surgery, along with the patient age, race, staging, subtype and coded collection site accompanied each sample.
Serum Processing, Storage, Handling and Shipment
Prior to any intervention, blood samples (10 ml) were collected into red top glass Vacutainer tubes. The blood was clotted for at least 30 minutes at room temperature, centrifuged at 3,500 g for 10 minutes, and the resulting serum removed into pre-labeled cryotubes, and stored promptly at 280uC. Processing from blood draw to freezing was completed within 2 hours. All samples were shipped on dry ice to a single designated site for storage. To aliquot, all samples were thawed in a water and ice slurry then transferred into sample tubes labeled with coded identifiers that blinded all subsequent experimenters to the sample disease status. Samples were then shipped on dry ice to Rules-Based Medicine, Inc. (RBM; Austin, TX) for assaying. An accompanying document provided the list of coded sample identifiers and specified an order of analysis designed to remove any sample type position bias during analysis. As a result of these precautions, the RBM analytical site was completely blinded to cancer status, pathology and all other sample details. 
Multiplex Immunoassays
Two hundred and fifty nine serum biomarkers were measured using a set of proprietary multiplexed immunoassays (Human DiscoveryMAPH v1.0 and Human OncologyMAPH v1.0; Table  S1 ) at RBM in their Luminex-based CLIA-certified laboratory. Each assay was calibrated using an 8-point standard curve, performed in duplicate. Median Fluorescence Intensity (MFI) measurements were interpolated into final protein concentrations using RBM's proprietary curve-fitting software. Assay performance was verified using quality control (QC) samples at low, medium and high levels for each analyte in duplicate. All standard and QC samples were in a complex serum-based matrix to match the sample background matrix. Since sera were analyzed at a previously optimized dilution, any reading above the maximum concentration of the calibration curve was assigned the concentration of the highest standard, whereas any below the minimum concentration was assigned the value 0. For analysis, the sample run order was randomized to avoid any sequential bias due to presence or absence of disease, subtype or stage of disease, patient age, or age of serum sample.
Data Analysis
Descriptive statistics, Receiver Operating Characteristic (ROC) curves and graphical displays (dot plots) for serum analyte concentrations were performed using GraphPad Prism version 5.0a (GraphPad Software, Inc., San Diego, CA). Statistical differences were determined using the nonparametric KruskalWallis test (ANOVA) followed by Dunn's multiple comparison post-test. For all statistical comparisons a P-value ,0.05 was interpreted as statistically significant. A Pearson correlation matrix was created using the proprietary multi-spectral analysis application SpectraViewer TM (Correlogic Systems).
Logistic Regression
Multivariate models were built by logistic regression using an inhouse developed python script.
Results and Discussion
Using multiplexed immunoassays, we measured simultaneously the levels of 259 molecules in sera from 149 patients with pathology-confirmed epithelial ovarian cancer and 350 individuals with benign ovarian conditions ( Table 1) . Since we were interested in the ability of biomarkers to differentiate between symptomatically similar cancer and benign gynecological conditions, all samples were obtained from the same clinical population -women presenting for surgery primarily based on the presence of an adnexal mass. All samples were collected before any intervention and before the disease status was known. Disease status was subsequently identified by pathology exams of the excised tissue. Sera were collected using a single sample collection protocol that was monitored for compliance. The study was conducted prospectively at 11 sites that were also monitored for protocol adherence. This assured sample quality and removed the possibility of any collection, processing or biological biases in the sample set, a concern for many other studies [30] . No normal healthy samples were used in this study, as they are typically easier to classify than benign conditions [21] and introduce confounding factors such as lower stress levels compared to patients facing surgery [38] . As expected, the median patient age was higher in individuals with ovarian cancer (61 years) than those with benign conditions (51 years) and increased with the stage of disease present (Table 1 ; [28, 36] ). The distribution of the ovarian cancer subtypes was similar to the distribution seen for all ovarian cancer cases in the US population as a whole, with a larger proportion of serous carcinoma (55%) than other subtypes (Table 1 ). The benign controls in the study were representative of common benign ovarian conditions including cystadenoma, cystadenofibroma and fibroma.
To ensure consistency and aid in biomarker comparisons, all 259 markers and 499 samples were measured on a single platform at a single site using a panel of rigorously qualified, highthroughput, multiplexed immunoassays. This survey built on our previous profiling of 104 serum biomarkers [36] . The majority of the additional 155 serum biomarkers in the present study were developed as part of two NCI-funded Small Business Innovative Research (SBIR) awards specifically targeted at markers that had reasonable literature support to suggest a significant role in cancer biomarker. The selected biomarkers covered a broad range of biological functions, primarily implicated in cancer including cancer antigens, hormones, clotting factors, tissue modeling factors, lipoprotein constituents, proteases and protease inhibitors, markers of cardiovascular risk, growth factors, cytokine/chemokines, soluble forms of cell-signaling receptors, and inflammatory and acute phase reactants (Table S1 ). To our knowledge, the present study is the broadest and most consistent single study of immunoassay profiling of molecules using fully characterized, quality-controlled samples. For each biomarker, an ROC curve was generated and its area under the curve (AUC) value compared to that of an uninformative marker (AUC = 0.500). A total of 175 biomarkers were dysregulated (P-values.0.05) in the ovarian cancer samples relative to the benign gynecological conditions. Of these, 136 biomarkers were up-regulated and 39 down-regulated (Table 2  and Table S2 ). The biomarkers with the greatest AUC values were predominantly up-regulated in ovarian cancer ( Table 2 , Fig. 1 and Table S2 ) with values ranging from 0.599 to 0.933. The most upregulated markers were, not surprisingly, HE4 and CA-125 with AUC values of 0.933 and 0.907, respectively, followed by interleukin-2 receptor a (IL-2 receptor a), a1-antitrypsin, Creactive protein, YKL-40, cellular fibronectin, cancer antigen 72-4 (CA-72-4) and prostasin, with AUC values between 0.829 and 0.800 ( Table 2 ). The remaining 127 up-regulated biomarkers had a continuum of AUC values from 0.797 to 0.556 (Table S2) . Thirty-four of the remaining 127 markers had AUC values above 0.700. For down-regulated biomarkers, the AUC values ranged from 0.556 to 0.745 (Table S2 ). The two most informative of these stood out as transthyretin (0.745) and apolipoprotein A-IV (0.713), while the remaining biomarkers had AUC values below 0.700.
Thirteen of the twenty biomarkers with the highest AUC values, namely HE4, IL-2 receptor a, YKL-40, cellular fibronectin, CA 72-4, prostasin, MMP-7, VEGF-B, Calprotectin, IGFBP-2, LOX-1, neuropilin-1 and MPIF-1 were not present in our previous study (Table 2 ; [36] ). Therefore, the literature-based selection criteria for biomarkers appears to have been successful. While implicated in cancers before [22, 39] , this is the first time that these molecules have been accurately quantified together, on a coherent set of samples, under uniformly controlled analytical conditions, to determine their discriminative power for ovarian cancer. We believe this approach improves biomarker comparisons and should aid in the selection of biomarkers in the development of multibiomarker panels.
We compared the informativeness of the biomarkers that were measured in both our current and previous study. CA-125 was the most informative biomarker that was measured in both studies, and had remarkably similar AUC values of 0.907 (current) and 0.906 (previous). However, while the same biomarkers emerged in both studies as informative, AUC values across the studies varied. in AUC values. First, the two studies used different patient samples from different sources. The previous study used samples from the National Cancer Institute-funded Gynecologic Oncology Group (GOG) whereas in the current study we used samples from our own prospective collection, which may also have been more actively monitored for strict protocol compliance. Second, the non-ovarian cancer samples in the previous study were not completely restricted to benign conditions but also included samples from normal healthy individuals (19.7%) and individuals with other cancers (9.5%). Third, the sample preparation methods differed, the GOG samples were clotted on ice as opposed to room temperature in the current study, a difference known to be important for consistent levels of serum markers [40, 41] . The differences seen between the studies highlight the critical importance of complete control of sample collection, handling and population selection when performing and interpreting biomarker studies.
As a comparison between the two most informative biomarkers in this study, the sensitivity for HE4 and CA-125 was determined over a range of specificity values. In addition, the optimal cut-off value, defined as that yielding the greatest sum of specificity and sensitivity was calculated for each biomarker. The sensitivity for HE4 alone decreased from 89.0% to 57.1% as specificity increased from 80% to 99.6%, while for CA-125 alone the sensitivity decreased from 85.2% to 30.2%. The optimal cut-off for HE4 and CA-125 was 54.8 pM and 52.5 U/mL, respectively giving sensitivity values of 86.6% and 74.5%, respectively, and specificity values of 89.4% and 93.7%, respectively. As expected from ROC curves, there are trade-offs when no individual biomarker shows high specificity at a predetermined high sensitivity value. For example, at 100% sensitivity, both HE4 and CA-125 were 0% specific. At 98% sensitivity, HE4 had 30.6% specificity and CA-125 had 35.4% specificity. However, to see relatively good specificity values, the sensitivities had to be lowered to approximately 95%. At 95% sensitivity, HE4 had 50.9% specificity and CA-125 had 45.4% specificity. These values, along with the AUC values, indicated that on this population, HE4 performed slightly better than CA-125. In addition, these results show that none of the biomarkers in this study are sufficiently informative as standalone ovarian cancer biomarkers for broad applications and that biomarker panels may be needed to improve performance to clinically acceptable levels.
To determine if some biomarkers might have greater discrimination for different stages of cancer, especially early stage, we compared the nine biomarkers with AUC values above 0.800 on FIGO stage I and II samples where there is the greatest need for marker-based detection (Fig. 2) . For FIGO stage I samples, both HE4 and CA-125 were highly discriminative (P-values,0.001), followed in descending order by C-reactive protein and CA 72-4 (P-values 0.001-0.01) then a1-antitrypsin, YKL-40 and prostasin (P-values 0.01-0.05). For IL2-receptor a and cellular fibronectin, there were no statistical differences between stage I cancer and benign conditions (P-values.0.05). For FIGO stage II samples, both HE4 and CA-125 were again highly discriminative (Pvalues,0.001), followed by for IL2-receptor a, a1-antitrypsin, Figure 3 . Serum level distributions broken out by subtype of ovarian cancer stage for the nine most informative biomarkers with area underneath the curve values greater than 0.800. The box boundaries represent the 25th and 75th percentiles, and the bar within the box represents the median value. The minimum and maximum values are represented by the extremes of the whiskers. ***, P-value,0.001; **, P-value 0.001-0.01; *, P-value 0.01-0.05; ns, P-value.0.05. Abbreviations: OvCa, ovarian cancer; Non-OvCa, non-ovarian cancer; CA, cancer antigen; IL, interleukin. doi:10.1371/journal.pone.0029533.g003
YKL-40 and CA 72-4 (P-values 0.001-0.01) and then C-reactive protein and cellular fibronectin (P-values 0.01-0.05). For prostasin, there was no statistical difference (P-value.0.05).
For the same nine biomarkers we also determined if there were statistically significant differences between samples from women with benign conditions and women with each individual subtype of ovarian cancer (Fig. 3) . For clear cell carcinomas, a1-antitrypsin and C-reactive protein were highly discriminatory (P-values,0.001), followed in descending order by HE4, CA-125 and IL2-receptor a (P-values 0.01-0.05). For YKL-40, cellular fibronectin, CA 72-4 and prostasin there were no statistical differences (P-value.0.05). For endometrioid carcinomas, there were highly significant differences for HE4 and CA-125 (Pvalues,0.001) and significant differences for C-reactive protein, cellular fibronectin, CA 72-4 (P-values 0.01-0.05). For a1-antitrypsin, IL2-receptor a, YKL-40 and prostasin there were no statistical differences (P-values.0.05). For mucinous carcinomas, only CA 72-4 had a significant difference (P-value 0.01-0.05). For serous and mixed carcinomas, all nine biomarkers had highly significant differences (P-value,0.001). Therefore, with the exception of mucinous carcinomas, the nine biomarkers are informative for all common ovarian cancer subtypes, however, their different discriminative powers suggests that different combinations of markers may be useful for different subtypes. While it would have been preferential to find more informative biomarkers for the mucinous subtype, it is relatively rare. Indeed, only 6.0% of the cancers in the study were of mucinous subtype (Table 1) .
For simplicity and cost effectiveness, the use of a single biomarker is preferred over multiple biomarkers. However, it is clear that single biomarkers may not be able to capture the inherent diversity of complexes diseases such as ovarian cancer. An informative test seeks to combine multiple biomarkers in a way that each marker adds a different type of discrimination either to the entire patient population or the population subdivisions made by the other markers. Simply put, markers with poor correlation with one another have a greater chance of individually contributing to a panel than markers with strong correlation with one another. Therefore, we performed correlation analysis on the strongest ovarian cancer markers -the 124 biomarkers with AUC values greater than 0.600. The co-varying molecules were sorted agglomeratively with hierarchical clustering using Pearson correlation coefficients as the distance measure. The pair-wise results were assembled into a 1246124 matrix (numbered 0-123) and displayed using a heat map where an intense red color signifies strong positive correlation and blue signifies a negative correlation (Fig. 4 ). There were four major clusters (Clusters A through D; Fig. 4 ; Tables S3, S4 , S5, S6, and S7), each cluster representing markers strongly correlating with each other. Each of these clusters contained markers that are strong ovarian cancer markers. Cluster A (markers 1-10) contained two strong ovarian cancer markers, CA 72-4 and MPIF-1 (Tables S3 and S4 ). TNFR2 was found in Cluster B (markers 58-67; Tables S3 and S5 ). Cluster C (markers 79-87) contained the two strongest ovarian cancer markers (HE4, CA-125) as well as prostasin and VEGF-B (Tables S3 and S6 (Tables S3 and S7 ). These correlation data can help drive the development of biomarkers panels and may give insights into pathways that are disrupted in ovarian cancer.
To examine how the information in this study can be used, we studied a simple multi-marker scenario where we measured the combined performance of the nine markers with AUC values greater than 0.800. The nine markers were combined using logistic regression which yielded an AUC of 0.950 (Standard error: 0.01213; 95% CI: 0.926-0.974; P-value: ,0.0001). Next we compared this performance against the five markers in the FDAcleared OVA1 test. The samples in our study were collected at gynecologic oncologists. A similar study population was reported in the OVA1 510(k) summary with 100% sensitivity (invasive ovarian cancer only) and 32.9% specificity [31] . We combined the five markers and built a logistic regression model. Consistent with the OVA1 510(k) summary, with our sample set, at 32.9% specificity, OVA1 biomarkers gave a sensitivity of 98.0%. Interestingly, with our samples, at a specificity of 32.9%, CA- (Tables 3  and 4 ). In general, the logistic regression model built on the top 9 markers outperformed the model built on OVA1 markers at all points of the ROC curve. At fixed specificity values between 80 and 95%, the top 9 model was 8 to 10% more sensitive that the model built on the OVA1 markers. At higher specificity (99%), the top 9 model was approximately 19% more sensitive. At fixed sensitivity between 80 and 99%, the top 9 model was between 8 and 25% more specific than the model built on the OVA1 markers. In addition to the simple logistic regression approach described above, it will be interesting to utilize the correlation data from this study to help build more accurate multivariate models. For example, a panel composed of the strongest markers from each cluster as well as markers that were not found in any of the clusters, such as IL-8, MMP-7 and IGFBP2 may be even more accurate. However, these types of analyses are extensive, with many possible combinations to characterize, are beyond the scope of this initial publication and will form the basis of future work.
As both the top nine and OVA1 panels contained markers that may perform differently for pre-and post-menopausal women, we separately analyzed the performance of the two panels by menopausal status. For the top nine panel, the AUC value for pre-menopausal women was lower (0.937) than for post-menopausal women (0.953). This is consistent with the individual marker analysis that demonstrated that the top three individual markers (HE4, CA-125 and IL2-Ra) all performed better for the post-menopausal women (0.927, 0.927 and 0.824, respectively; Table S8 ) than for the pre-menopausal women (0.912, 0.907 and 0.812, respectively). For the OVA1 panel, the AUC value for premenopausal women was slightly lower (0.920) than for postmenopausal women (0.924). Again, this is consistent with the individual marker analysis that demonstrated that CA-125, the marker that appears to drive the performance of the OVA1 panel, performed worse for the group of pre-menopausal women (0.907) than for post-menopausal women (0.927).
In conclusion, we have identified new biomarkers that are capable of discriminating between samples drawn from women with benign ovarian conditions and those from women with ovarian cancer. Preliminary multivariate analysis, using a logistic regression model on the nine most informative biomarkers appeared to have significantly improved performance over the OVA1 biomarkers. Our analysis indicates that our data have the potential to improve on OVA1 and other tests. However, our study does not include a blinded validation set of samples. Therefore, we plan additional assessments on other, independent, well-characterized sample sets to independently validate these findings. 
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